Cell State-of-Charge Estimation for the Multi-cell Series-connected Battery Pack with Model bIas Correction Approach  by Xiong, Rui & He, Hongwen
 Energy Procedia  61 ( 2014 )  172 – 175 
Available online at www.sciencedirect.com
ScienceDirect
1876-6102 © 2014 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
Peer-review under responsibility of the Organizing Committee of ICAE2014
doi: 10.1016/j.egypro.2014.11.932 
The 6th International Conference on Applied Energy – ICAE2014 
Cell state-of-charge estimation for the multi-cell series-
connected battery pack with model bias correction approach 
Rui Xiong, Hongwen He* 
National Engineering Laboratory for Electric Vehicles, Beijing Institute of Technology, Beijing 100081, China; 
Abstract 
Accurate estimations of cell state-of-charge (SoC) for multi-cell series-connected battery pack are remaining 
challenge due to the inconsistency characteristic inhabited in battery pack and the uncertain operating conditions in 
electric vehicles. This paper tries to add three contributions. (1) A data-driven filtering process is proposed to select 
one represented cell to typify the voltage behavior of battery pack. (2) An improved battery model considering model 
and parameter uncertainties is developed. (3) An adaptive SoC estimator has been developed, in which the SoC of 
each cell in battery pack can be accurately predicted. The SoC of battery pack can be located with the SoC values of 
each cell. It significantly improves the safety operation of battery. The result indicates that the estimation errors of 
voltage and SoC for all the LiPB cells are less than 3% even if given big erroneous initial state of estimator. 
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1. Introduction 
Battery, as important onboard energy storage, has been widely used to various kinds of electric 
vehicles (EVs), such as pure electric vehicles, hybrid electric vehicles and plug-in hybrid electric vehicles 
[1]. Due to limitations of electrode potential and materials, the voltage and capacity of battery cell can 
hardly fully the requirements of the voltage level of EVs. Thus, ten to thousands of battery cells have to 
be connected in series and parallels [2]. But the imbalance of cell parameter and operating conditions in 
battery pack will yield to difference in battery capacity and voltage. On the other hand it is hard to define 
the SoC of battery pack. This is because that pack SoC is not a property of battery pack itself. Different 
balancing strategies will bring different definitions of “pack SoC” and “pack capacity”. However, for 
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battery cell, the capacity and SoC are the property. As a consequence, little literature explores prediction 
methods for pack SoC. Most of literature was worked for battery cell [3]-[5]. 
However, it is of great significant to estimate the precise pack SoC considering cell capacity variations 
for reliable battery operation. It is indispensable that estimate the SoC of each cell or parallel cell in series 
connected battery pack, then calculate the SoC of battery pack with specific balancing strategy. A key 
contribution of this study is that a data-driven filtering process-based cell SoC estimation of the multi-cell 
series-connected battery pack was developed, thus the over-charge and over-discharge of each cell could 
be avoided. What’s more, with the SoC of each cell, we can calculate “pack SoC” under specified 
balancing algorithm conveniently. In addition, the performance of the proposed approach has been 
verified and evaluated by a total of 16 lithium-ion polymer battery (LiPB) cells connected in series. 
2. Data-driven filtering process based modeling method 
The purpose of this paper is to present a new approach based on a filtering-process approach for 
choosing a single cell to represent the battery pack with necessary equivalent calculation. With the 
selected cell, the battery management system (BMS) can locate a reasonable reference for its balancing 
function module to improve capacity/resistance consistency of a battery pack. The approach has the 
potential to overcome the drawbacks of cell-to-cell variations and achieve a good voltage/SoC (State-of-
Charge) prediction for battery pack. Two typical kinds of filtering processes, capacity and dc resistance 
filtering processes are implemented in an orderly manner, as shown in Fig. 1. 
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Fig.1 An implementation flowchart of the cells classification approach 
Noted that the dc resistance and capacity can be estimated in real-time [1].After the filtering process, 
the cell with the mean electrochemical characteristics have been selected and then ready for representing. 
The cells and battery pack are kept in the thermal chamber and their temperatures are controlled within 
constant values, therefore the heater exchanger is not discussed in this filtering process. Three cells can be 
selected as the represented cell for describing the performance of battery pack, LiPB cell03 has -3.22% 
capacity bias and 2.85% DC resistance bias, LiPB cell10 has 3.39% and -2.21% bias in its capacity and 
DC resistance respectively, LiPB cell12 has 2.31% and 2.68% bias in its capacity and DC resistance 
respectively. In considering that capacity is the most important for battery SoC estimation, thus LiPB 
cell12 has been selected as the represented cell as last. It is noted that the polarization resistance, heater 
exchange rate and other factors also can be used as the decision factors. Anyway, the capacity and series 
resistance are two distinct factors and they can be located. 
3. Model bias correction based modelling method 
3.1. Model Bias correction  
In order to execute the battery voltage prediction, we need a ‘‘discrete-time cell dynamic model’’ that 
relates the battery parameter and state to its voltage. As shown in Fig.2, it is very important to correctly 
identify the parameter of battery model and bias correction model- F(zi,iL).  
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Fig.2 An equivalent model of cells series-connected battery pack  
Where Uoc is the open circuit voltage (OCV) and its subscript denotes the number of the cell. Other 
symbols, such as series resistance (Ri), diffusion resistance (RD) and diffusion capacitance (CD) describing 
the mass transport effects and dynamic voltage performances have the same meaning of subscript [4]. 
And the subscript s denotes the selected cell. With the model, the dynamic behavior can be written as: 
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3.2. SoC estimation approach 
The adaptive extended Kalman filter (AEKF) has been widely used to estimate the state of dynamic 
system. Based on our previous experience with AEKF algorithm [4][6], the SoC observer for all the 
battery cells have been developed. The state-space representation of the battery can be expressed as: 
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Where Ki is the coulomb efficiency of the ith cell, Cs is the capacity of the selected cell, 't is the sampling 
interval. Noted that the subscript k and k+1 are denote the kth and k+1th sampling time respectively. 
Through the proposed method, the calculation burden for battery dynamic voltage and OCV of all the 
cells in battery pack can be minimized. What’s more, the difference among the selected cell and other 
cells can be reduced through the bias correction model. With the SoC of each cell, we can calculate the 
“pack SoC” in accordance with the control strategy conveniently. 
4. Validation  
The DST test is a simple dynamic driving cycle which and often used to evaluate the SoC estimation 
algorithms [6]. The DST test is performed with the current profiles and terminated by a certain amount of 
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capacity removed from the batteries or if the batteries reach a certain voltage level. In this study, the DST 
test is used to verify the proposed SoC estimation method with the bias-correction model. Fig.3 is the 
statistic SoC estimation results with the selected cell under the DST profiles. 
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Fig.3 Statistic results of SoC estimation 
 Fig.3 shows that the maximum SoC estimation inaccuracies with the proposed filtering approach are 
less than 6%, and for most of the cells in battery pack are less than 4%. Thus the filtering approach has a 
potentiality to reduce the calculation cost and achieve acceptable accuracy for battery system, even if 
exists big inconsistency. However, to capture the inconsistent behaviour of different cells and decrease 
the estimation inaccuracy, a model bias correction based method has been proposed and developed. The 
estimation results with the bias correction model have been greatly improved. The maximum SoC 
estimation errors are less than 3% and the mean errors are less than 1%.  
5. Conclusion 
This paper proposes a cell state-of-charge estimation for electric vehicles battery pack against model 
and parameter uncertainties from the imbalanced of the battery cells in the series-connected battery pack 
with the filtering-process and model-bias correction approach. 
First, we present a data-driven cells filtering process for selecting the represented cell to reflect the 
dynamic voltage behavior of the battery pack. In this study, we introduce two filtering steps through 
battery capacity and dc resistance respectively. Second, to improve the prediction performance for the 
battery pack and battery cells, a model-bias correction method has been developed. Lastly, AEKF 
algorithm has been used to build the SoC estimator. Results show that the SoC prediction errors for all the 
battery cells are less than 3% with the proposed approach.  
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